34
We found that plant functional type biomass could be predicted reasonably well 35 in most cases using cover and height as the explanatory variables (adjusted R locations. Nevertheless, the use and availability of LiDAR, radar, and VHSR optical 86 images is increasing and they present an interesting research frontier in Arctic 87 vegetation studies. So far, to the best of our knowledge, there are no studies in which 88 biomass has been estimated using VHSR data and compared in various tundra 89 environments across the circumpolar Arctic, although there have been calls for biome-90 wide observation methodologies (Walker et al. 2016 Our objective was to predict biomass distribution by using VHSR satellite 105 imagery in different Arctic tundra and peatland communities and evaluate whether the 106 same predictive regressions can be applied across circumpolar Arctic sites. Therefore, in 107 this study, we first estimated PFT-specific biomass using harvested biomass as the 108 response variable and field-measured height and %-cover as predictors. Second, we 109 estimated total biomass using modelled cover/height-based biomass as the response 110 variable and single bands and vegetation indices of VHSR satellite images as predictors. 111
At both steps, we compared different predictor combinations and transformations as 112 well as site-specific and cross-site regressions. We concluded our study by discussing 113 how general the regressions are for biomass prediction and how different PFTs 114 contribute to biomass across circumpolar northern landscapes with low-growth 115 vegetation. 116
Materials and methods 117

2.1.Study sites 118
We included four different study sites which present a continuum from northern boreal 119 to sub-Arctic and to Arctic landscapes: Sodankylä in Finland, northwestern (NW) 120 Russia, Herschel in Canada and Tiksi in Russia (Figures 1 and 2 
2.2.Biomass field data 155
We measured the biomass, %-cover and height of the following PFTs: (1) dwarf shrubs, 156
(2) herbs, (3) graminoids, (4) dwarf birch (Betula nana), (5) Salix spp. and other tall 157 shrubs (height ≤ 1.5 m), and (6) mosses (height not measured). Examples of the 158 common species or genera included in each PFT for each study site are listed in 159
Appendix 1 in the supplemental material. The PFT classification we used was a slight 160 modification of the one presented by Chapin III et al. (1996) , and was used earlier at 161 one of the study sites (Hugelius et al. 2011) . 162
In each study site, we sampled 48 to 182 circular plots either randomly or using 163 transects (Table 1 were averaged to obtain a mean value per circular plot. 212
2.4.Data analysis overview 213
We first estimated PFT-specific biomass using PFT %-cover and height measured in the 214 field as explanatory variables in the regression (referred as biomass-cover/height 215 regressions). Second, we used the predicted total biomass for each 5 m radius plot as the 216 response variable when developing regressions to estimate total aboveground biomass 217 distribution based on VHSR satellite images (referred as biomass-satellite spectra 218 regressions). For all sites and both regression steps, we tested both site-specific 219 regressions with data from one study site only and cross-site regressions in which data 220 from all study sites were used. As tree biomass was calculated using existing allometric 221 equations, biomass-cover/height regressions were not built for them, but they were 222 included in the biomass-satellite spectra regressions. We carried out all biomass-223 cover/height and biomass-satellite spectra estimations with ordinary least squares linear 224 regressions. We acknowledge that there are also more sophisticated modelling We predicted area-normalized PFT biomass for the subplots using the field measured 233 %-cover and average height of the respective groups in the subplot as explaining 234 factors. The data from harvested subplots were used to build the regressions. For all 235 variables, we tested the transformations suited to our data distribution in order to 236 achieve better normality for data and to find the best fitting regressions (McDonald 237 2014). For biomass and height, we used the following transformations (1) no 238 transformation, (2) square root, (3) natural logarithm + 1. For %-cover, we tried (1) no 239 transformation and (2) arcsine transformation (asin(sqrt(%-cover/100))), as %-cover 240 distribution varies between 0 and 1 (McDonald 2014). 241
For each functional group, we tried all the possible parameter combinations with 242 different transformations. We tested regressions with either one or both explanatory 243 variables but did not include two explanatory variables in the same regression if their 244
Pearson correlation was >0.7. We formed the empirical relationships separately for each 245 study site and also carried out cross-site regressions. We evaluated the regressions based 246 on their root mean square error (RMSE) and chose the regressions with the lowest 247 RMSE value. Once the best regression was determined for each PFT, it was applied to 248 all subplots. Some of the regression equations had a negative intercept and predicted 249
negative biomass values for a small minority of the subplots. In these cases, the biomass 250 was set to 0 for the respective PFT in the subplot. Finally, we added up the biomass 251 values of every PFT to calculate the total biomass per area of each subplot. For some 252 functional groups at some sites (Salix spp. at Sodankylä and Betula nana on Herschel), 253 species were present only in one or two harvested subplots. In other situations, we did 254 not harvest biomass but measured PFT %-cover (mosses on Herschel). In these cases, 255 we used the cross-site biomass-cover/height regression estimations for the respective 256 functional groups when we summed up site-specific total biomass. 257
2.6.Predicting total biomass using VHSR satellite images 258
We built biomass-satellite spectra regressions to predict biomass using estimated 259 cover/height-based total biomass as the response variable and individual spectral bands 260 and spectral indices of VHSR satellite images as predictors (Table 2) . We carried out 261 three different types of regressions: site-specific cover/height predictions combined with 262 satellite image data from one site, cross-site cover/height predictions combined with 263 satellite image data from one site, and cross-site cover/height predictions with satellite 264 image data from all study sites. 265
[TABLE 2 APPROXIMATELY HERE] 266
Estimated cover/height-based biomass was calculated as the mean of the 267 predicted subplot biomass values in the respective 5 m radius plot. To evaluate the 268 uncertainty in biomass-cover/height regressions, we also carried out alternative 269 biomass-satellite spectra regressions, in which we used harvested subplot-scale biomass 270 data as response variable. In these alternative calculations, used site-specific 271 cover/height-based moss biomass estimate for Tiksi and Seida 2016 data and cross-site 272 cover/height-based moss biomass estimate for Herschel as mosses were not 273 systematically harvested in these datasets. For Sodankylä and NW Russia, we included 274 tree biomass in all biomass-satellite spectra regressions. 275
Individual spectral bands consisted of blue, green, red, and near infrared (NIR) 276 for the Quickbird images. For the WorldView images, the following bands were also 277 included: coastal, yellow, red-edge, and NIR2. We calculated the mean value per band 278 or index for the 5 m radius circle corresponding to each plot location. 279
We transformed biomass values with a natural logarithm as this transformation 280 has been used usually in tundra biomass studies, and it has been found in several studies 281 that there is a logarithmic relationship between biomass and satellite spectra (Walker et 
Results 290
3.1.Aboveground biomass of different tundra and peatland vegetation types 291
The highest total biomass values were found at the NW Russian sites consisting of both 292 mineral tundra and peatland. The southernmost site Sodankylä, a treeless fen, had lower 293 total biomass values than NW Russia study sites. The most Arctic site, Tiksi had the 294 lowest total biomass. The proportion of different PFTs varied among the study sites. At 295 Sodankylä, a major proportion of the biomass consisted of mosses; at NW Russia, 296
Betula nana and other shrubs had high biomass values; herbaceous biomass was higher 297
on Herschel than at other study sites, whereas at Tiksi, graminoids contributed most to 298 total biomass (when mosses were excluded) ( Table 3) . Similar trends could also be seen 299 in the average %-cover and height of PFTs, but there were variation in habitat type 300 specific biomass at each study site (Appendix 5 in the supplemental material). At Cross-site regressions performed quite differently between the study sites 322 (Figures 3 and 4) , by underestimating total biomass on Herschel (21% difference) and at 323 NW Russia (2%), and overestimating at Sodankylä (10%) and at Tiksi (3%). At NW 324 Russia, PFT-specific average patterns between observed and predicted values were 325 close to 1:1 line, whereas at other study sites, there were more evident underestimation 326 or overestimation (Figure 4) . NW Russia had the highest number of observations, which 327 may have an undue influence on the regression. In individual subplots and in PFTs, 328 disparities between cross-site and site-specific estimations were often significantly 329 higher than differences between average total site biomass. values in cross-site biomass-satellite spectra regression were larger than in site-specific 336 biomass-satellite spectra regressions, with the RMSE value being especially high on 337 Herschel (Table 6 ). Cross-site biomass-satellite spectra regression overestimated 338 biomass values for Herschel, and underestimated for NW Russia and Tiksi ( Figure 5 , 339 Table 6 ). At Sodankylä, there was overestimation in plot-specific predicted values and 340 underestimation in the landscape (Table 6 ). Alternative biomass estimations having 341 harvested data as the response variable had higher RMSE values than biomass 342 estimations using cover/height-modelled biomass as the response variable. The 343 differences in average biomass values between regressions using cover/height-based 344 biomass estimate and harvested biomass were small at Sodankylä and Tiksi and a little 345 higher at NW Russia and on Herschel (Table 6 ). Finally, there was fine-scale spatial 346 variation in biomass distribution across the landscapes, and spatial pattern of biomass 347 was divergent in different study sites (Figure 6 ). 348
[ Figure 4) . 355 This is also supported by the fact that biomass-satellite spectra regressions using 356 cover/height modelled biomass as the response variable had lower RMSE and relatively 357 similar average biomass estimate than biomass-satellite spectra regressions using 358 harvested biomass as the response variable (Table 6 ). The finding suggests that it is 359 more recommendable to measure plant cover and height in a larger area and estimate 360 biomass based on these measurements than to use only small harvested biomass 361 samples when carrying out biomass-satellite spectra models. We showed that cross-site regressions functioned relatively well in biomass-433 cover/height regression, with the underestimation and overestimation being relatively 434 small (Figures 3 and 4) . Nevertheless, there were large potential biases and high RMSE 435 values in cross-site biomass-satellite spectra regression predictions ( Figure 5 , Table 6 ). 436
This was evident on Herschel, where there were 2-3-fold differences in the landscape-437 scale average biomass when different regression combinations were used (Table 6) . 438
This finding is in line with the study by Atkinson and Treitz (2013), who, however, had 439 only two sites at Nunavut, Canada for their comparison. The differences between sites 440 suggest that satellite image based shrub tundra models work well in different shrub 441 tundra landscapes such as NW Russian sites, but their value is limited in herbaceous 442 environments such as Herschel, and it is tedious to find suitable cross-site models. 443
Nevertheless, on Herschel, the combination of cross-site biomass-cover/height 444 regression and site-specific biomass-satellite spectra regression yielded lower RMSE 445 values than the combination of two site-specific regressions. This might be due to the 446 fact that cross-site biomass-cover/height regressions were more realistic as they had a 447 bigger sample size. Another possibility is, that although cross-site biomass-cover/height 448 regressions slightly underestimated biomass values, modelled values were such that 449 they could be modelled with satellite spectra. Nevertheless, it might be that cross-site 450 models are more robust to outliers due to larger sample size, and they can give better fit, 451 if there is no large differences in the environmental characteristics of the study sites. 452
The biomass-satellite spectra regressions that included multiple explanatory 453 variables had better prediction capability than regressions with only one index as 454 explanatory variable. Furthermore, in previous research, good explanatory 
Conclusions 479
We estimated aboveground biomass in four different Arctic landscapes using field 480 sampling based biomass-cover/height regressions and biomass-satellite spectra 481 regressions. We tested both site-specific regressions and cross-site regressions across all 482 the study sites, and showed that biomass-cover/height regressions perform well in most 483 cases (R Russia (c, d), Herschel (e, f), and Tiksi (g, h). Biomass maps were produced with the 813 best fitting site-specific regressions (see Table 5 ). Spatial resolution of the images is 814 shown in Table 1 and biomass maps have same pixel size as the images. In the satellite 815 images, the location of the field sampling plots are shown with star symbols. For 816 Seida/NW Russia and Herschel, only part of the field sampling plots are shown, because 817 the plots were collected from a larger area. Satellite images ©Digital Globe. 818 Table 6 . Average satellite spectra based biomass estimate in the study plots (Plot), root 857 mean square error of the biomass-satellite spectra model (RMSE), and average biomass 858 estimate in the overall landscape for each study site. In the "Regression combination" 859 column, ss refers to site-specific and cs to cross-site model, with first acronym pointing 860 to biomass-cover/height regression and second acronym to biomass-satellite spectra 861 regression. Combinations subplot-ss and subplot-cs refer to alternative biomass-satellite 862 spectra regressions that use harvested biomass instead of cover/height modelled 863 biomass as the response variable. In cs-cs and subplot-cs combinations, regressions 864 were carried out with data from all study sites, but RMSE is calculated based on study 865 site specific training and fitted data. 
